Child mortality is a factor that is associated with the well-being of a population and it is taken as an indicator of health development and socioeconomic status. According to the 2011 UN report during the last 10 years, the death rate for children under five has decreased by 35% worldwide. UNICEF in 2008 reported that Ethiopia has reduced under-five mortality by 40 percent over the past 15 years. From the EDHS 2011 report child mortality rate in Ethiopia was reduced from 50/1000 deaths in 2005 to 31/1000 deaths in 2011. The Ethiopian Demographic and Health Survey data are used for the study. In this paper we have attempted to find out the impact of socioeconomic, demographic and environmental factors in the context of under five mortality. In this attempt we first analyzed our data using Kaplan-Meier nonparametric method of estimation of survival function and also using lifetable. We have also used Log-Rank test to compare different survival functions and found that sex, type of birth, religion, mothers' education, birth order, maternity age, source of drinking water and region have statistically significant difference in the under five survival time. We have also used Cox proportional hazard model to identify the covariates which influence the under five mortality. But we found that our data do not fulfill the proportionality assumption of Cox proportional model in case of infant and child mortality. Then we applied stratified Cox proportional model to our data to find out the potential covariates which influence under five mortality and found birth order, mothers' education level, sex, type of birth and the interaction of birth order and sex as vital factors for the deaths occurring under the age of five. The Cox proportional hazard models which were used separately for each stratum also identified mothers' educational level, sex, type of birth, and the interaction of sex and water supply as the risk factors for the death of infants. Whereas for child stratum; type of birth, mothers' education, sex and the interaction of water supply and sex were the risk factors associated with the death of children.
INTRODUCTION

Background
Under five mortality (U5MR) is a factor that can be associated with the well-being of a population and taken as one of the development indicators of health and socioeconomic status and also indicates a life quality of a given population, as measured by life expectancy. That is why reduction of under five mortality (U5MR) is a worldwide target and one of the most important key indexes among Millennium Development Goals (MDGs). Hence its indication is very important for evaluation and public health strategy. Thus, it is an area that many researchers focus and it has also attracted the attention of policy-makers and program implementers worldwide. One of the most important targets of Millennium Development Goals (MDGs) that introduced in 2000 at the United Nations Millennium Summit was reducing under-five child mortality (U5MR) rates by two-thirds from the 1990 levels by 2015. In 2000 the Ethiopian government announced the intention by signing the millennium declaration committing to achieve the Millennium Development Goals (MDGs) by 2015, many of which overlap with the 2015 national policy goals, introduced *Address correspondence to these authors at the Addis Ababa University, Addis Ababa, Ethiopia; Tel: +251920887186; E-mail: mk_subash@yahoo.co.in **Tel: +251911383550; Fax: +251 116670662; E-mail: yaredsw@gmail.com by the federal government in 1991 and a policy action has been continued, for instance, in 2004 the Ethiopian government prepared child survival strategy and implementation plan to reduce under five mortality (U5MR) of 140/1000 live births to 67/1000 live births by 2015, this means a reduction of two-thirds of from the 1990 rates about 200/1000 live births or a 52 percent reduction from 2004 rate about 140/1000 live births [1] .
Ethiopia has the second largest population in Africa and is one of the least developing country with high fertility and rapid population growth rates. The country's population is estimated nearly 79 million and a growth rate of 2.73 percent per year [2] . The Ethiopian population is a predominantly rural and young society and the majority of the population has traditionally been concentrated in the highlands, with nearly 85 percent of the population living in rural areas while the rest lives in urban areas. The population growth rates about 2.73 percent which is slightly greater than the sub-Saharan Africa countries an average growth of 2.5 percent. Urban populations growing nearly 2.3 percent per year while the rural population growing at about 4 percent. The age structures suggest nearly 45 percent of the populations are under age 15 and the percentages of the population above age 65 are only about 3.2 percent [3] (Ringheim et al., 2009) . Since the late 1950s the country economic performance indicates that the average GDP growth has reduced from 5 percent in the 1950s to less than one percent in the 1980s. Emerging from long civil war and several famine, Ethiopia replaced the Derg regime, which negatively affected the country's economy, with a federal structure of government, introducing a new national policy that address population growth and population dynamics and was implemented in 1993, which allowed Ethiopian to take off from this economic stagnation and to start a sustainable and enduring political, economic and social development. Economic growth during this period was impressive that the per capita GDP grew at average rates of 5.6 per annum (from 1991 to 2000) and the recent growth register showed 10.7 percent per annum. Nonetheless, the economic performance has been fragile and uneven due to internal and external shocks including Ethio-Eritrea war during the period 1998 to 2000 [4] .
In Ethiopia, in coincidence with the population growth, starting in the late 1950s onwards, crude death rates substantially declined, it reduced from 30 to 15 per 1000 people from 1960-2005 due to the introduction of basic health services, particularly in the rural areas and at the same time life expectancy (about 42 years) slightly lower as compared to sub-Saharan countries (about 45 years) [5] .
This study investigated U5MR and identifies the more important factors associated with the U5MR, since in recent decades demographic researchers indicated that there is a strong relationship between infant and child mortality and socioeconomic and biodemographic factors.
In this thesis we have used stratified Cox proportional hazards model to analyze the determinants of U5MR as well as we compared the result of the estimate of the model and distinguish which factors are more pronouncedly contribute to the decline level of U5MR. We estimated the model using data from Ethiopia Demographic and Health surveys, 2011.
Statement of the Problem
The population of Ethiopia is a predominantly rural, with nearly 85% percent of population living in rural areas. This gives a reason to make the rural population our focus of study. Since U5MR is one of the basic indicators of a country's socio-economic status and quality of life. According to [6] report the current level of child mortality in rural parts of Ethiopia is around 114 deaths per 1000 live births. Therefore working towards the factors affecting U5MR in rural Ethiopia is a great addition in achieving the targets of MDG and in improving the quality of life in the country.
Despite the fact most researches are focused on the study of U5MR for the whole country, rural areas of the country needs special attention. While the targets of the MDGs is reducing the mortality rate of children aged from birth to their 5 th year, yet again most researches are focused on addressing the issue on a separate age group (infant: aged from birth to 11 months old and child: aged from 12 months to 59 months). This paper will fill these two gaps and address the mortality case in rural parts of the country for those children aged from birth to 59 th months old.
As mentioned earlier U5MR is very high particularly in rural parts of the country. If Ethiopia is committed to achieving the MDG targets and further reduction of U5MR, it is necessary to understand clearly the factors that are contributing to the high levels of mortality in the rural parts of the country. This study therefore explores the demographic, socio-economic, environmental factors and their effect on U5MR in rural parts of Ethiopia.
Objective of the Study
The general objective of this study is to identify determinants U5MR in rural parts of Ethiopia.
The specific objectives are to:
•
Assess the relationship between the risk factors and U5MR
• To compare under five survival time among different groups
Significance of the Study
• The result of this study could provide information to government and other concerned bodies in setting policies, strategies, and further investigation for reducing U5MR.
•
The results could be of interest to other studies related to U5MR risks in Ethiopia.
• It is expected to improve the understanding of the mortality situation of under the age of five in rural parts of Ethiopia.
DATA AND METHODOLOGY
The Data
The source of the data used in this study is the 2011 Ethiopia Demographic and Health Survey [6] conducted in Ethiopia as part of the worldwide demographic and health survey project. The 2011 Ethiopia Demographic and Health Survey were conducted by the Central Statistical Agency (CSA) with the support of the Ministry of Health. This is the third Demographic and Health Survey (DHS) conducted in Ethiopia, under the worldwide MEASURE DHS project, a USAID-funded project providing support and technical assistance in the implementation of population and health surveys in countries worldwide.
The survey interviewed a nationally representative population in about 18,500 households. Indicators relating to family planning, fertility levels and determinants, fertility preferences, infant, child, adult and maternal mortality, maternal and child health, nutrition, women's empowerment, and knowledge of HIV/AIDS are provided for the nine regional states and two city administrations. In addition, data by urban and rural residence at the country level are provided.
Information on child mortality was found from the birth history of women who were included in the survey. The interest of this study is about children from birth until age five. This age group is selected because the risk is expected to be higher in this age group and the risk for children above age five is less since they are older.
Variables in the Study
The explanatory (independent) variables are classified into three groups: maternal, socioeconomic and environmental. The response (dependent) variables for this study is the survival time of a child measured in months from birth until death/censored.
The Response Variable
The dependent variable is the age of a child until the occurrence of an event. Observations are censored, in case, for some units, the event of interest has not occurred at the time the data are analyzed.
Predictor Variables
Predictor variables or explanatory variables are those whose effect on the age of a child we wish to assess. The predictor variables which are assumed to influence the survival the under five mortality included in the model are (i) child's sex, (ii) mother's age, (iii) child's birth order, (iv) type of birth, (v) mother's education, (vi) father's education, (vii) region, (viii) religion, (ix) water supply.
Methodology
Survival Analysis
The study focused on time to event, which makes the employment of survival analysis more appropriate. We have used Kaplan-Meier estimator and Cox proportional hazard model for the analysis. For the comparison of survival functions, we used logrank test. Kaplan-Meier analysis was used to study survival pattern; the KM plot, which is a step function, gives some indications about the shape of the survival distribution. The figure in general shows if the pattern of one survivorship function lies above another which means the group defined by the upper curve lived longer, or had a more favorable survival experience than the group defined be the lower curve.
The Cox Proportional Hazard Model
The Cox proportional Hazards model [7] is probably the most widely used method for modeling survival data. For data with one explanatory variable, i.e. one covariate, non-parametric methods like plotting of Kaplan-Meier survival probabilities may be adequate if the groups being compared are reasonably similar. Frequently however, the groups being compared differ in many respects. They may have different age distributions, different proportion of men and women, different smoking habits etc. These differences come in addition to the covariate we are really interested in, and the analysis must be adjusted to compensate for these other differences, which may otherwise confound the analysis. The Cox proportional hazards model is a semi-parametric model for fitting survival data.
Let t denote a continuous non-negative random variable representing survival time.
The basic Cox model is as follows:
Where:
h(t| X ) hazard function at time t with covariates X=(X 1 , X 2 ,. . .X P )
• h 0 is the arbitrary baseline hazard function that characterizes how the hazard function changes as a function of survival time.
• = ( 1 , 2 ,. . . p ) is a column vector of p regression parameters associated with explanatory variables.
• exp( 'X) characterizes how the hazard function changes as a function of subject covariates.
Stratified Cox Proportional Hazard Model
Now to accommodate non-proportionality assumption one can apply stratified Cox proportional hazard model in which the stratification in most cases is done by using a covariate fixed by design. Suppose we have s= 1,2,….,S strata, and then allow the baseline unspecified hazard function to vary among the strata.
The hazard function for stratum, s is
Model Selection
The methods available to select a subset of covariates to include in a proportional hazards regression model are essentially the same as those used in any other regression model. There are three methods of selection of influential covariates. These are purposeful selection, stepwise selection (forward selection and backward elimination) and best subset selection. Survival analysis using Cox regression method begins with a thorough univariable analysis of the association between survival time and all important covariates [8] .
Model Diagnostic
Scaled Schoenfeld residuals were used to assess the goodness of fit of the model. And if the smoothed curve is an approximately horizontal line around zero, it means the covariates have satisfied the assumption of proportional hazards.
RESULTS
Descriptive Analysis
The study included 7621(0-11 months old: 2704 and 12-59 months old: 4917) children under the age of five years preceding the date of the survey in the rural part of Ethiopia. Summary results for socio-demographic and environmental variables included in this study are presented in Table 1 below. Of the total of 7621 children included, 3718 were females.
When we look at the mothers' age, 4739 of the children are born from mothers whose age is below 20 years, 2768 of the children are born from mothers of age range from 20 to 29 years, and the rest 114 children are born from mothers of age above 30 years. The other factor which we will investigate the significance on U5MR is the wealth index. Table 1 shows the distribution of families in rural areas across wealth index. We can find on the table that 3690 children are from poor family, 2638 children are from a family of wealth index medium, whereas the rest 1293 children are from rich family.
Summary Statistics
It is vital to do some statistical tests that will be used as initiation to our subsequent finding. We start with the test of whether the observed differences in data summary among different factors are statistically significant or not. We use log-rank test for both infant and child strata and Kaplan-Meier survival estimates to look into the significance of the difference among different factors.
The log-rank test is used at 5% level of significance to validate the differences in the survival time of each factor. The null hypothesis to be tested claims, that there is no difference between the probabilities of an event occurring at any time point. The output from computer is summarized in Tables 2 and 3 below.
According to Table 2 the variables which have statistically significant difference in experiencing death event are sex, type of birth, religion, mothers' education, birth order, maternity age, source of drinking water and region. Table 3 exhibits that sex, type of birth; mothers' education level and region are the variables which have statistically significant difference in experiencing death event.
The Kaplan-Meier estimator survival curve can be used to estimate survivor function among different strata/group of covariates so that one can make comparison. Separate graphs of the estimates of the Kaplan-Meier survivor functions are produced for different categorical covariates. In general, the survivorship pattern of one is lying above another means the group defined by the upper curve has a The survival curves in Figure 2 shows that children who were born singlet have better survival time than children who were born as twins, triplet, and quadruples and so on.
From Figure 3 one can guess that other than those four major religions which is the "others" category has less survival rate. In general, it is expected that children from a better educated mother to have a better survival rate and Figure 4 gives a confirmation for that. The above Figure 5 tells the same thing as the case of mothers, children whose fathers' education level is categorized in the higher education level have better survival rate.
Result of the Cox Proportional Hazard Model
In any applied setting, a statistical analysis shall begin with a thoughtful and thorough univariate model analysis of the data before proceeding to more complicated models. [8] recommended the following procedure in variable selection.
I.
Include all variables that are significant in the univariable analysis at the 25 percent level and also any other variables which are presumed to be clinically important to fit the initial multivariable model.
II.
The variables that appear to be important from step (I) are then fitted together in a multivariable model. In the presence of certain variables others may cease to be important. Consequently, backward elimination is used to omit non-significant variables from the model. Once a variable has been dropped, the effect of omitting each of the remaining variables in turn should be examined.
III.
Variables, that were not important on their own, and so were not under consideration in step (II), may become important in the presence of others. These variables are therefore added to the model from step (II), with forward selection method. This process may result in terms in the model determined at step (II) ceasing to be significant.
IV.
A final check is made to ensure that neither significant variable is eliminated from the model nor non-significant variable is included in the model. At this stage the interactions between any of the main effects currently in the model can be considered for inclusion if the inclusion significantly modifies the model.
As we continue to the analysis we choose stratifying variable infant/child indicator so that we can fit Stratified Cox proportional hazard model. Figure 8 is graph of log(-log(survival)) Vs log(time) Table 4 .
The result in Table 4 shows that not all explanatory variables are important to fit multivariate stratified Cox proportional hazard model. Thus, the most appropriate covariates will be selected based on their contribution to the maximized log partial likelihood of the model2Log L. The value of -2Log L for the null or empty model is 11353.488. Therefore, inclusion of covariates will be based on the amount of reduction of this value. From among the explanatory variables, type of birth covariate leads to the highest reduction in -2Log L, reducing its value to 91.707. This reduction is highly significant (p-value < 0.001) when compared with points of the X 2 -distribution. The next highest change comes from region which is 23.600. Proceeding in this manner covariates will be eliminated. Thus, using the Wald chi-square test according to Table 4 , the predictors that are found to be significant, and will be considered for the next multivariable analysis at pvalue 0.25 are sex, type of birth, father education, mother education, maternal age, wealth index, region and water supply including these covariates that are significant at univariate analysis.
The variables that appear to be important from Table 4 are fitted together. In the presence of certain variables, others may cease to be important. Consequently, we have five variables left in Table 5 that significantly reduces -2 Log L to 130.790. But those variables which are dropped or not significance on Tables 4 and 5 should be examined further. This examination is done because some variables could become significant in the presence of others.
Variables that were not important on their own, and so were not under consideration in Table 4 may become important in the presence of others. These variables are therefore added to the model from Table  4 , one at a time, and any that reduces -2Log L significantly are retained in the model. The model after forward selection of covariates at a significance level of 10% is presented below.
At last we need to do final pruning of main effects of the model by omitting variables that are non-significant, using significance level 0.05. At this stage, we may also consider adding interaction between any of the main effects currently in the model. Moreover we need to assess some realistic situation to see if two interaction effects can significantly change the survival time of children under the age five years. We will be using partial likelihood ratio test to see if the interactions are significant to be included in the model. Table 7 gives result for including interaction term in the model. According to it, all interaction terms are very significant, as the result of this we took all interaction terms with the main effects and have an automatic selection of the model via stepwise selection at significance level for entering 5% and remaining in the model 10%.
According to stepwise automatic variable selection process (with probability for entry and removal is 0.05 and 0.10 respectively) we have found that all the interaction terms except for birth order and sex cancelled each other out. Hence we proceed to the model diagnostics with model specified in Table 8 . This means we have come to the best fit model. 
Model Diagnostics
In this section we will:
• Test the assumption of proportional hazards
• Check influence and poorly fit subjects and
• Over all summary of goodness of fit
Test of the Assumption of Proportional Hazards
The proportional hazard assumption, which asserts that the hazard ratios remain constants over time, is very important for interpretation and use of a fitted proportional hazards model. In other words, the risk of failure should be the same no matter how long subjects are studied. To test this assumption, graphical diagnoses of scaled Schoenfeld residuals and likelihood based tests, like Wald test can be employed to assess the proportional hazard assumption for covariates that are significant in the multivariable analysis.
Given that the assumption of proportionality of the proportional hazards model is satisfied, the distribution of residuals over time should be random and LOWES smoothing line will also be a straight line around zero.
To test proportionality assumption of proportional hazards assumption, generate time varying covariate by creating interactions of the predictors and a function of survival times, and include these in the model. If any of time covariates is significant then those predictors do not have a constant proportionality over the study period. In this case we can conclude the proportional hazards assumption is violated. Table 9 shows Wald chi-square value and corresponding p-value for each covariate. From the table we have the smallest p-value for time dependent covariate is 0.098 which is still greater than 0.05. From this we can conclude that all covariates involved in the model are independent of time. In other words we have a model that satisfies the proportional hazards model.
Graphical Assessment of the Proportional Hazard Assumptions
The graphical displays show plots of the scaled Schoenfeld residuals against the survival time for each covariate namely mothers level of education, type of birth, birth order and sex of a child. In Figure 9 -13 plots of scaled Schoenfeld residuals show randomness. Furthermore the smoothed curve is an approximately horizontal line around zero; as the result of this we can say the above five covariates have satisfied the assumption of proportional hazards. 
Interpretation of the Results
The model fitted to the under five data given in Table 8 contains four categorical covariates and one interaction term. All covariates have three level categories except for sex and type of birth indicator.
The estimated covariate coefficient ˆ = 1.327 for type of birth (reference group being single birth) indicator implies that the hazards ratio is exp(ˆ ) = 1.771 . This shows children with multiple births (includes twins, triplets and quadriples) have 3.771 times higher risk of death than children with single births. The implication of 95% confidence interval is that the hazard ratio can get as low as 3.005 and as high as 4.732.
For the education level of mothers, there are three categories (no education, primary level and at least secondary). Taking no education as reference group we have the coefficients ˆ = 0.182 and -0.809 for primary and at least secondary education level respectively. These figures imply that the hazard ratios for these categories are 0.834 and 0.445 for primary and at least secondary education level, respectively. A child born from a mother with primary education level has 16.6% lower risk of death than a child born from a mother with no education. The 95% confidence interval implies the rate could be as low as 0.700 and as high as 0.992. And a child born from a mother with at least secondary level of education has 55.5% lower risk of death than a child born from a mother with no education. The implication from 95% confidence interval is that the rate could get as low as 0.285 and as high as 0.694.
Birth order and sex indicator have been included in the model, as main effects and interaction. Since sex indicator is dichotomous, we fix male as reference group, we will examine the birth order hazard ratio at each level of sex indicator. The estimated log hazard as function of sex, birth order and their interaction (interaction effect of sex and birth order) holding the other variables constant is given as follows: The interpretation is that being 2 nd -5 th in the order of birth for male child has 37.2% lower risk of death than being the first born male child. And for female, being 2 nd -5 th in the order of birth has 4% lower risk of death than being the first born.
We believe we need to say some about the interpretation of the models given in Tables 9 and 10 . According to Table 9 we found four variables and one interaction term significantly affecting the mortality of infants.
The estimated hazard ratios of dying of infants who have multiple birth type were as compared to those who had single birth type is 3.988. This means infants who had multiple birth order have 3.988 times higher risk of death than those infants with single birth type. And this risk of death can get 3.147 times as low and 5.055 times as high as compared to those infants with single birth type.
Taking mothers with no education as reference group we have the coefficients ˆ = 0.145 and -0.716
for primary and at least secondary education level respectively. These figures imply that the hazard ratios for these categories are 0.865 and 0.489 for primary and at least secondary education level, respectively. An infant born from a mother with primary education level has 13.5% lower risk of death than a child born from a mother with no education. The 95% confidence interval implies the hazard ratio could be as low as 0.717 and as high as 0.975. And for an infant born from a mother with at least secondary level of education has 51.1% lower risk of death than a child born from a mother with no education. The implication from 95% confidence interval is that the hazard ratio could get as low as 0.299 and as high as 0.799.
Having the first born as reference we have the hazard ratios 0.668 and 0.683 for 2-5 order and late born respectively. An infant with birth order in 2-5 has 33.2% less risk of death than an infant with first in the birth order. The hazard ratio for infant in 2-5 in order of birth can get as low as 0.755 and as high as 0.975. And for an infant who were late born has 31.7% less risk of death than an infant with first in the birth order. The 95% confidence interval imply that the hazard ratio can get as low as 0.558 and as high as 0.844.
The other two variables which are present in the model are sex and water supply. What is unique about them is that both are dichotomous and interacted to each others. Our references are male and treated water supply for sex and water supply covariates respectively. The estimated log hazard as function of sex and water supply holding other variables constant is give as follows:
log HR (sex, water supp, x)
Next we have provided the expression for increase one level from the reference of water supply (from piped to others category) log HR (sex, water supp + 1, x)
The estimated hazard ratio for others water supply category and female infant is
The risk of death for a female infant whose source of water in the untreated source is 2.183 times than those female infant who use water from treated source.
Our final model which is presented in Table 4 .11 is for child (this is for child age group 12 months to 59 months) stratum. It is composed of four variables and an interaction.
The hazard ratio for multiple birth type taking single birth type as reference is 3.753. This shows children with multiple births have 3.753 times higher risk of death than children with single births. The 95% confidence interval implies that the hazard ratio could be as low as 2.973 and as high as 4.738.
Taking mothers with no education as reference group we have the coefficients ˆ = -0.174 and -0.667 for primary and at least secondary education level respectively. These figures imply that the hazard ratios for these categories are 0.840 and 0.513 for primary and at least secondary education level, respectively. Given the hazard ratio for mothers with primary level education is not significantly different from the category for mothers with no education as the p-value is greater than 0.05. But for a child from a mother with at least secondary level of education has 48.7% lower risk of death than a child born from a mother with no education. The implication from 95% confidence interval is that the rate could get as low as 0.268 and as high as 0.792.
Sex and water supply also are there in the model in Table 10 . Their log hazard function is same as in the case of infants and given below. The estimated hazard ratio for others water supply category and female children relative to female children who use water from pipe is HR (sex = 1, water supp + 1) = exp(0.985) = 2 . 6 7 9
The risk of death for a female child whose source of water in the untreated source is 2.183 times than those female children who use water from treated source.
DISCUSSION OF THE RESULTS
This study identified factors that are significantly associated with increased risk of under five mortality. The results of the Cox proportional hazards regression analysis show mother's educational level, birth order, types of birth, sex and interaction between sex and birth order were significantly associated with under five mortality.
The impact of mother's educational level on under five survival has been assessed by several studies indicating that non educated mothers are associated with high risk of death of infant and child. [10] identified that the mothers 'education is the most important factor that directly affects child mortality. A similar study in Malakal town, southern [11] found that mother's education, have significant influence on infant and under-five mortality. A study by [12] found that infant and child mortality are highly associated with mother's education. A study conducted in Ethiopia by [13] and by [14] also found that the mortality risk of children born to non educated mothers is higher as compared to a child born to an educated mother. Another study by [15] examined the effect of maternal education on infant and child mortality and found that there was a consistent negative relationship between maternal education and the probability of infant death. Children of mothers who attended primary school are less likely to die than are children of mothers with no education.
Children of mothers with a secondary-school education are the least likely to experience infant and child deaths. The finding of the current study also agrees with the above sited findings.
The current study identifies that birth order as a risk factor of infant and child mortality. This study suggests that first born infants and children experience higher risk of dying than infants and children whose birth order is two up to five and six and above; infants and children with birth order two up to five have a higher risk of dying than a child whose birth order is six and above. A study conducted in Ethiopia by [14] and by [4] also found that birth order is one of the determinants of child mortality showing that a first born child was exposed to a high risk of mortality. Another study by [16] indicates that first births are less likely to survive than higher order births.
The current study also identifies that sex of child as a risk factor of infant and child mortality. This study suggests that the risk of dying for female is lower than males. Similarly in Kenya, [17] found that sex of child is important determinant for the risk of infant and child mortality.
The current study found out that the infant and child mortality risk associated with multiple births was 3.771 times higher relative to singleton births (p<0.001) the study also showed that death due to types of birth is highly dependent on birth order. A similar study by [17] in Zimbabwe found that multiple births tend to increase infant and child mortality. Another study by [18] also found that multiple births are associated with much higher risk of death.
Limitations of the study are as follows. The study is conducted based on secondary data which might have incomplete and biased information. Also information might have been missed in case of many censored observations. In many tuberculosis patients, multiple causes of death may act simultaneously, so the cause of death may not be determined accurately.
